What drives biodiversity and where are the most biodiverse places on Earth? The answer 1 critically depends on spatial scale (grain), and is obscured by lack of data and mismatches in 2 their grain. We resolve this with cross-scale models integrating global data on tree species 
2 on global distribution of tree biodiversity, yet the lack of methods to address differences in sampling 25 have so far prevented their integration.
26
Further, as could be said for many problems in ecology, attempts to map global biodiversity and to 27 assess its potential drivers are severely complicated by the issues of spatial scale [8] [9] [10] [11] ], studies differ in whether they view 47 residual regional forces being weak [31] [32] [33] or strong [34] [35] [36] . of alpha, beta, and gamma diversity of trees across the entire planet.
67

Results and Discussion
Macroecological patterns. To explain the observed global variation of tree diversity ( Fig. 1 directly from the data using smooth autocorrelated surfaces. Both models explain more than 90% of 73 deviance of the data (Supplementary Table 2 ) and both predict S that matches the observed S
74
( Supplementary Fig. 1 ). This is in line with other studies from large geographical extents, where 70-
75
90% model fits are common even for relatively simple climate-based models 23, 40, [46] [47] [48] .
76
Next, we used model SMOOTH to predict patterns of S and beta diversity over the entire mainland, at 77 a regular grid of large hexagons of 209,903 km 2 and at a grid of local plots of 1 ha ( Fig. 2A-C) . We 78 predict latitudinal gradient of S at both grains ( Fig. 2A , B, Supplementary Fig. 2 (Fig. 2F, 3 ).
102
These results can be viewed through the logic of species-area relationship (SAR), and its link to alpha, to local richness, leading to stronger regional effects at larger than smaller grains, as we observed.
115
We also found pronounced autocorrelation in the residuals of the REALM model at the country grain,
116
but low autocorrelation at both grains in the residuals of model SMOOTH ( Supplementary Fig. 5 ).
117
Residual autocorrelation in S is the spatial structure that was not accounted for by environmental derived directly from the data, for example using the splines in model SMOOTH (Fig. 2D Primary Productivity (GPP, a proxy for energy input) and Tree density (Fig. 4) At the global extent, the independent effects of biogeographic realms strengthened towards coarse 152 grain, from 5% at the plot grain to 20% for country grain in model REALM (Fig. 5A ). In contrast, the (Fig. 4) and biogeographic realms (Fig. 3) , but there remains enough certainty about the 171 effects of some predictors, such as tree density or GPP (Fig. 4) where REALM is a factor identifying the regions.
254
Model SMOOTH. In this model we avoid using discrete biogeographic regions; instead, we use thin- 
259
The notation is the same as in the previous model, with the exception of and now being constant, where Plt.or.Cntr is a factor identifying if an observation is a plot or a country.
264
Model fitting, inference, predictions, and sensitivity analysis. We used a combination of maximum 265 likelihood (fast, easy to work with) and Hamiltonian Monte Carlo (slow, but handles uncertainty well)
266
to optimize and fit the models. To compare the effects of contemporary environment vs biogeographic 267 regions, we used partitioning of deviance. We used model SMOOTH to generate the global 268 predictions (Fig. 2) in a set of artificially generated plots (each with an area of 1 ha) and hexagons
269
(each with an area of 209,903 km2). We additionally tested if our results are sensitive to data sources 270 and definition of what a 'tree' is. All these steps are described in detail in SI Text. Biogeography 12, 1-20 (1985 
